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Abstract

We investigate both rule-based and machine
learning methods for the task of compound er-
ror correction and evaluate their efÞciency for
North S�mi, a low resource language. The lack
of error-free data needed for a neural approach
is a challenge to the development of these
tools, which is not shared by bigger languages.
In order to compensate for that, we used a rule-
based grammar checker to remove erroneous
sentences and insert compound errors by split-
ting correct compounds. We describe how we
set up the error detection rules, and how we
train a bi-RNN based neural network. The pre-
cision of the rule-based model tested on a cor-
pus with real errors (81.0%) is slightly better
than the neural model (79.4%). The rule-based
model is also more ßexible with regard to Þx-
ing speciÞc errors requested by the user com-
munity. However, the neural model has a bet-
ter recall (98%). The results suggest that an
approach that combines the advantages of both
models would be desirable in the future. Our
tools and data sets are open-source and freely
available on GitHub and Zenodo.

1 Introduction

This paper presents our work on automatically cor-
recting compound errors in real world text of North
S�mi and exploring both rule-based and neural net-
work methods. We chose this error type as it is
the most frequent grammatical error type (after
spelling and punctuation errors) and twice as fre-
quent as the second most frequent grammatical er-
ror (agreement error). It also regards both spelling
and grammar as the error is a space between two
words, but its correction requires grammatical con-
text.

A grammar checker is a writerÕs tool and partic-
ularly relevant to improve writing skills of a minor-
ity language in a bilingual context, as is the case

for North S�mi. According to UNESCO (Mose-
ley, 2010), North S�mi, spoken in the North of
Norway, Sweden and Finland, has around 30,000
speakers. It is a low resource language in a bilin-
gual setting, and language users frequently face
bigger challenges to writing proÞciency as there is
always a competing language. (Outakoski, 2013)
Developing a reliable grammar checker with a high
precision that at the same time covers a lot of errors
has therefore been our main focus. Good precision
(i.e. avoiding false alarms) is a priority because
users get easily frustrated if a grammar checker
gives false alarms and underlines correct sentences.

In this paper we focus on the correction of com-
pound errors. This type of errors is easy to generate
artiÞcially in the absence of large amounts of error
marked-up text, and we have a good amount of
manually marked-up corpus for evaluation for this
error type. Compound errors (i.e. one-word com-
pounds that are erroneously written as two words)
can be automatically inserted by using a rule-based
morphological analyser on the corpus and splitting
the word wherever we get a compound analysis.
Unlike other error types (like e.g. real word errors)
they are easily inserted, and existing compounds
are seldom errors. In addition, they are interesting
from a linguistic point of view as they are proper
(complex) syntactic errors and not just spelling er-
rors and serve as an example for higher level tools.
Two adjacent words can either be syntactically re-
lated or erroneous compounds, depending on the
syntax. In North S�mi orthography, as in the ma-
jority languages spoken in the region (Norwegian,
Swedish and Finnish), nouns that form a new con-
cept are usually written together. For example,
the North S�mi wordboazodoalloguovluÔreindeer
herding areaÕ consists of three wordsboazuÔrein-
deerÕ,doallu ÔindustryÕ andguovluÔareaÕ, and thus
it is written together as a single compound. The
task of our methods is to correct spellings such as
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boazodoallu guovluinto boazodoalloguovluin case
the words have been written separately in error.

We develop both a rule-based and a neural model
for the correction of compound errors. The rule-
based model (GramDivvun) is based on Þnite-state
technology and Constraint Grammar. The neural
model is bi-directional recurrent (BiRNN). While
the rule-based model has earlier produced good
precision, it did not handle unknown compounds
well, which is why we were interested in a neural
approach. However, neural models depend on large
amounts of ÔcleanÕ data and synthetic error genera-
tion (or alternatively marked-up data). Typical for
low-resource languages and also North S�mi, the
corpora are not clean and contain a fair amount of a
variety of different spelling and grammatical errors
(seeAntonsen2013). Therefore, efÞciently prepar-
ing data as to making it available for neural model
training is an important part of this paper. In our
case, we make use of the existing rule-based tools
to both, generate synthetic error data and clean the
original data for training. For evaluation, on the
other hand, we use real world error data.

Our free and open-source rule-based tools can be
found on GiellaLT GitHub.1 The training data and
the neural models are freely available on Zenodo.2

We hereby want to promote a wider academic in-
terest in conducting NLP research for the North
S�mi.

2 Background

S�mi open source rule-based language tools have
a long and successful tradition (nearly 20 years)
(Trosterud, 2004; Moshagen, 2011; Antonsen and
Trosterud, 2011; Rueter and H�m�l�inen, 2020).
North S�mi is a low-resource language in terms
of available corpus data (32.24M tokens raw data).
Although there is a fair amount of data, it contains
many real errors and only a small amount is marked
up for errors. Applying neural approaches for high-
level language tasks to low resource languages is
an interesting research question due the various
limitations of minority language corpora, versus



parallel corpus of the original sentences as the pre-
diction target and their corresponding versions with
synthetically introduced compound errors. Many
of the compound boundaries are ambiguous, and
the algorithm decides the one used in training data
based on heuristics: maximum number of com-
pound boundaries where the splitting will not cause
any other modiÞcations of the word stems or other
content.

As an additional data source, we use the North
S�mi Universal Dependencies treebank (Tyers and
Sheyanova, 2017). We parse the corpus with Uralic-
NLP (H�m�l�inen , 2019) and split the compounds
the rule-based morphological analyser identiÞes as
consisting of two or more words in order to synthet-
ically introduce errors. We also run the rule-based
morphological analyser and morpho-syntactic dis-
ambiguator to addpart-of-speech(POS) informa-
tion to produce an additional data set with POS
tags. For the Universal Dependencies data, we use
the POS tags provided in the data set.

We then make sure that all sentences have at
least one generated compound error and that the
only type of error the sentences have is the com-
pound error (no other changes introduced by the
rule-based models). We shufße this data randomly
and split it on a sentence level into 70% training,
15% validation and 15% testing. The size of the
data set can be seen in Table1, the sentences were
tokenized based on punctuation marks.

Sentences Source tokens
Train 43,658 388,167
Test 9,356 83,107
Validation 9,355 82,566
Real-world errors 3,291 26,565

Table 1: Training, testing and validation sizes for the
neural model (corpus with synthetic errors)

For the rule-based modelGramDivvunwe do not
generate synthetic errors. We have hand-selected a
large corpus for rule development and as regression
tests, consisting of representative sentences from
GT-Free. The current selection for syntactic com-
pound errors includes 3,291 sentences with real
world compound errors (and possibly other errors
in addition).

4 Methods

We use a neural models and a rule-based model for
compound error correction.

4.1 Neural Model

We model the problem at a character instead of
word level in NMT (neural machine translation).
The reason for using a character-level model in-
stead of a word-level model is that, this way,
the model can work better with out-of-vocabulary
words. This is important due to the low-resourced
nature of North S�mi, although there are other deep
learning methods for endangered languages that do
not utilize character level models (Alnajjar, 2021).
In practice, we split words into characters separated
by white spaces and mark actual spaces between
words with an underscore (_). We train the model
to predict from text with compound errors into text
without compound errors. As previous research
(Partanen et al., 2019; Alnajjar et al., 2020) has
found that using chunks of words instead of full
sentences at a time improves the results in character
level models, we will be training different models
with different chunk sizes. This means that we will
train a model to predict two words at a time, three
words at a time, all the way to Þve words at a time.

We train the models with and without POS tags.
For the models with POS tags, we surround each
word with a token indicating the beginning and the
end of the POS tag. The POS tags are included only
on the source side, not on the target side. They are
separated from the word with a white space.

An example of the data can be seen in Table2.
Even though every sentence in the training data has
a compound error, this does not mean that every in-
put chunk the model sees would have a compound
error. This way, the model will also learn to leave
the input unchanged if no compound errors are
detected.

We train all models using a bi-directional long
short-term memory (LSTM) based model (Hochre-
iter and Schmidhuber, 1997) by using OpenNMT-
py (Klein et al., 2017) with the default settings ex-
cept for the encoder where we use a BiRNN (Schus-
ter and Paliwal, 1997) instead of the default RNN
(recurrent neural network), since BiRNN based
models have been shown to provide better results
in character-level models (H�m�l�inen et al. , 2019).
We use the default of two layers for both the en-
coder and the decoder and the default attention
model, which is the general global attention pre-
sented byLuong et al.(2015). The models are
trained for the default of 100,000 steps. All models
are trained with the same random seed (3,435) to
ensure reproducibility.
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n Input Output
2 g e a hÿc ÿc a l a d d a n _ p r o ! e a k t a n g e a hÿc ÿc a l a d d a n p r o ! e a k t a n
3 g e a hÿc ÿc a l a d d a n _ p r o ! e a k t a n _ p r o ! e a k t a n g e a hÿc ÿc a l a d d a n p r o ! e a k t a n _ p r o ! e a k t a n
2 V> g e a hÿc ÿc a l a d d a n <V _ N> p r o ! e a k t a n <N g e a hÿc ÿc a l a d d a n p r o ! e a k t a n

3 V> g e a hÿc ÿc a l a d d a n <V _ N> p r o ! e a k t a n <N _
N> j a g i <N g e a hÿc ÿc a l a d d a n p r o ! e a k t a n _ p r o ! e a k t a n

Table 2: Examples of the character-level input and output, wheren indicates the chunk size. The Þrst examples are
without POS tags and the last with POS tags

During the training of the neural models, we eval-
uate the models using simple sentence level scores.
There we look only at full-sentence matches and
evaluate their accuracy, precision and recall, as op-
posed to the evaluations in Section5, where we
study them more carefully at the word-level. The
results of the neural models for the generated cor-
pus (where errors were introduced by splitting com-
pounds) can be seen in Table3. The results indicate
that both of the models receiving a chunk of two
words at a time reached to the highest accuracy,
and the model without the POS tags also reached
to the highest precision.

Chunk POS Accuracy Precision Recall
2 no 0.925 0.949 0.974
3 no 0.847 0.883 0.955
4 no 0.852 0.892 0.950
5 no 0.869 0.909 0.952
2 yes 0.925 0.948 0.976
3 yes 0.906 0.934 0.968
4 yes 0.856 0.896 0.951
5 yes 0.857 0.895 0.953

Table 3: Sentence level scores for different neural mod-
els tested on a corpus with artiÞcially introduced errors

The POS tags were not important for the models,
as the results with and without them are fairly simi-
lar. The largest gain was when the compound error
correction was done for three words at a time. As
this performance gain only occurred for that spe-
ciÞc model, it suggests that it is more of an artefact
of the training data and how it is fed into the model
than any actual improvement.

4.2 Rule-based Model
The rule-based grammar checkerGramDivvunis
a full-ßedged grammar checker Þxing spelling
errors, (morpho-)syntactic errors (including real
word spelling errors6, inßection errors, and com-
pounding errors) and punctuation and spacing er-
rors.

It takes input from the Þnite-state transducer
(FST) to a number of other modules, the core

6Real word errors are spelling errors where the outcome is
an actual word that is not Þt for the context.

of which are several Constraint Grammar mod-
ules for tokenization disambiguation, morpho-
syntactic disambiguation and a module for error
detection and correction. The full modular struc-
ture (Figure1) is described in Wiechetek (2019b).
This work regards predominantly the modiÞca-
tion of the disambiguation and error detection
modulesmwe-dis.cg3, grc-disambiguator.cg3, and
grammerchecker-release.cg3. We are using Þnite-
state morphology (Beesley and Karttunen, 2003)
to model word formation processes. The technol-
ogy behind ourFSTsis described in Pirinen (2014).
Constraint Grammar is a rule-based formalism for
writing disambiguation and syntactic annotation
grammars (Karlsson, 1990; Karlsson et al., 1995).
In our work, we use the free open source imple-
mentation VISLCG-3 (Bick and Didriksen, 2015).
All components are compiled and built using the
GiellaLT infrastructure (Moshagen et al., 2013).
The code and data for the model is available for
download7 with speciÞc version tagged for repro-
ducibility.

The syntactic context is speciÞed in hand-written
Constraint Grammar rules. The REMOVE-rule
below removes the compound error reading (iden-
tiÞed by the tagErr/SpaceCmp ) if the head is
a 3rd person singular verb (cf. l.2) and the Þrst
element of the potential compound is a noun in
nominative case (cf. l.3). The context condition
further speciÞes that there should be a Þnite verb
(VFIN) somewhere in the sentence (cf. l.4) for the
rule to apply.

REMOVE (Err/SpaceCmp)
(0/0 (V Sg3))
(0/1 (N Sg Nom))
( * 0 VFIN);

All possible compounds written apart are con-
sidered to be errors by default, unless the lexicon
speciÞes a two or several word compound or a syn-
tactic rule removes the error reading.

7https://github.com/giellalt/lang-sme/
releases/tag/naacl-2021-ws
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